This paper aims to investigate the determinants of external skill shortages -that is, vacancies that are hard to fill for skill-related reasons within and across industries. This paper utilises a specially-designed survey, the Business Strategy and Skills (BSS) module of the Business Operations Survey 2008 (BOS 2008). We estimate the determinants of firms reporting having, vacancies, hard-to-fill vacancies and skill shortages using probit models and two-stage (Heckman) probit models with selection.
List of Figures
There is widespread concern that a shortage of workers with particular skills is detrimental to the functioning of the New Zealand economy. Whilst there is a great deal of information at the aggregate level on skills issues, not much is known on how these issues affect individual firms in New Zealand. International evidence suggests that the availability of individuals with the appropriate types and levels of skills have a major impact on the success of firms. Skill shortages directly constrain production and prevent firms from meeting demand and using available input efficiently with consequences for lower productivity (Haskel and Martin, 1993a; Stevens, 2007; Tan, et al., 2007) . Indirectly, skill shortages inhibit innovation and use of new technologies which are skill-intensive activities. This may have longer-term impacts on the way firms do business, in terms of their location, size, structure, production methods and product strategy (Durbin, 2004; Mason and Wilson, 2003; Mason, et al., 2005) . Thus, analysing how these skill shortages manifest themselves and developing policies to address them is critically important if New Zealand is to raise productivity in industry and improve its international competitiveness.
The interrelationship between the skills of the workforce and the emergence and performance of successful firms is central to many governments' policies, as is creating more high value-added firms. The success of such policies depends upon having a workforce with the appropriate skills. However, it is important to be aware of the crucial interactions between skills and other factors, such as the degree and nature of competition, the business' strategy, and the nature of the products or services themselves -all of which are likely to vary across firms (Mason, 2005) .
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This paper aims to inform our understanding of the importance of skills to firms. In particular we investigate the determinants of external skill shortages -that is, vacancies that are hard to fill for skill-related reasons. This paper utilises a specially-designed survey, the Business Strategy and Skills (BSS) module of the Business Operations Survey 2008 (BOS 2008) . The BOS is an annual omnibus business survey collecting annual financial and employment data, and qualitative information on firm performance, information on innovation and communication technology use. The BSS module was designed to investigate the nature of businesses' current and future strategies, their market focus, skills requirements, internal and external skill gaps and training responses.
In this paper we combine the BSS module with data from other sections of the current and previous years' BOS and the prototype Longitudinal Business Database (LBD) to investigate the determinants vacancies and external skill shortages. We investigate three, increasingly focussed, types of vacancy: We analyse the probability that the firm had any vacancies in the last year. We consider those that proved hard to fill. Finally, we focus our analysis on vacancies that were hard to fill because the applicants lacked the necessary skills, qualification or experience. The LBD includes information from tax and survey-based financial data, merchandise and services trade data, a variety of sample surveys on business practices and outcomes. This allows us to link the responses of the BSS module to a wealth of information on firms.
We use two methods to investigate the determinants of a firm reporting the three types of vacancy. First, we estimate separate probits for the probability of a firm reporting each of the vacancy types. However, the mechanisms causing firms to report each of the various types of vacancies are likely to be interrelated. All skill shortage vacancies are by definition hard-to-fill vacancies. Therefore, we estimate a two-stage (Heckman) probit model with selection.
By matching the BSS to the LBD we can consider a broad suite of variables, including firm's size and industry, their market focus, wages, R&D investment, innovation, previous performance (e.g. productivity) and the degree of competition they are subject to.
Data and Preliminary Analysis
The data come from Statistics New Zealand's prototype Longitudinal Business Database (LBD). The primary data source is the Business Operations Survey. This is a survey of over five and a half thousand firms employing six or more people 1 . As part of the "Impact of Skills on New Zealand Firms" project, the team designed a module for survey, entitled "Business Strategy and Skills" (BSS). This module collected information about businesses' market focus, current and future business strategy, staff breakdown, vacancies, internal skill gaps and training. Data from the BOS is linked to data from Goods and Services Tax (GST) returns, financial accounts (IR10) and aggregated PayAs-You-Earn (PAYE) returns.
In this paper we consider all firms that report vacancies of any kind and two subsetshard-to-fill vacancies and skill shortage vacancies. The overall percentage of firms reporting each type of vacancy is depicted in Figure 1 . More detail on the construction and patterns of our measures of vacancies, hard-to-fill vacancies and skill shortage vacancies are set out in the following sections. ). The first row of Table 1 summarises these data. Overall, 76.6% of firms reported that they had posted a vacancy. As one might expect, given the greater number of employees, the likelihood of posting a vacancy increases with firm size. We can break the reporting of vacancies down by occupation. Respondents that reported they had posted vacancies in the last year were asked a follow-up question:
'During the last financial year, how many vacancies has this business had for the following roles?' (C15). The responses to this question are set out in Table 2 . It is for 'clerical, sales and services workers' that the greatest proportion of firms had vacancies, followed by 'labourers, production, transport or other workers'. This reflects the greater number of staff in these occupations. This is not quite true across all firm sizes.
'Managers' is the second most popular category for firms with more than one hundred employees (and also, marginally, for those with between 50 and 99 employees).
2 That is, question 14 of Module C 
Hard-to-fill vacancies
Respondents were asked: 'During the last financial year, was this business easily able to fill all vacancies with suitable applicants?' (C16). Those whom answered 'no' to this question were classified as having a hard-to-fill vacancy. The second row of Table 1 (repeated at the bottom of Table 3 ) summarises these data. Well over half of firms that have vacancies find them hard to fill (47.9% compared to 76.6%). Again, the probability of having a hard-to-fill vacancy increases with firm size, with almost three-quarters of firms with rolling mean employment of one hundred or more having hard-to-fill vacancies.
Respondents that reported that they found some vacancies hard to fill were asked: 'For this business, which roles were hard to fill?' (C18). 'Tradespersons and related workers'
were the occupations that most businesses had recruitment difficulties with overall (Table 3) . However, this once again reflects the greater number of small (6-19 employees) firms.
'Managers' were the role for which most large (100+) firms found difficult to fill vacancies. Given that managers represent a relatively small proportion of total staff, and one that has an important impact on firm performance Van Reenen, 2007, 2010; UTS, 2010) , this is a worrying result. 
External skill shortages -Skill shortage vacancies
Respondents that had hard-to-fill vacancies were asked 'For which of the following reasons did this business find it hard to fill vacancies?' (question C17). They were given twelve categories, from which they could choose as many as they wished. Those that replied 'applicants lack the work experience the business demands' or 'applicants lack the qualifications or skills the business demands' were defined as having skill shortage vacancies (SSVs) 3 .
The final row of 47.9%). We break this down into the two constituent parts and present them by firm size and industry in Table 4 . There are almost no differences between the two factors of skill shortage vacancies across business size, but there are some differences across industry. In 'education and training' and 'healthcare and social assistance' it is lack of qualification or skills that is the problem (particularly in the former industry). For financial and insurance services it is lack of experience that is the greater problem. For some industries it is certification, gained in institutions or on-the-job is the most important, for others they do not play this role.
Models and Results
In this section we explore the determinants of vacancies, hard-to-fill vacancies and skill shortage vacancies.
Our first empirical model is very simple. We suppose that the propensity of firm i to post a vacancy, to find it hard-to-fill, or to have a skill shortage vacancy can be expressed as
where y* is the propensity to have a vacancy, a hard-to-fill vacancy, or a skill shortage vacancy, X i is a (1×k) vector of k explanatory variables, β is an (k×1) vector of parameters and ε i . We do not observe the y* terms, but the binary realisation of them, therefore we assume:
We estimate (2) using a probit model. Because the data was collected using a stratified sample, our models are estimated using sampling weights and correction for stratification 4 . We estimate our models in two forms. First we use contemporaneous variables. This ensures maximum sample size. However, because some of the variables are likely to be endogenous, we also estimate a model using lagged values of the independent variables.
An important issue for modelling is the relationship between the dependant variables.
As is clear from Figure 1 , all skill shortage vacancies are, by definition, hard-to-fill vacancies, which are of course vacancies. Other analyses have either ignored the relationship between these (e.g. Mason and Stevens, 2003) or relied on the imprecision 4 using the svy: probit command in Stata in the variables (e.g. Green, Machin and Wilkinson, 1998) or both (e.g. Haskel and Martin, 2001 ). For example, Green, Machin and Wilkinson (1998) modelled the relationship by estimating bivariate probits (essentially a pair of seemingly unrelated regressions) of 'skill shortages' and hard-to-fill vacancies. However, their measure of 'skill shortages' is rather more general than ours. In the Employers' Manpower and Skills Practices Survey (EMSPS) the respondents were asked 'Would you say that this establishment has experienced a 'skill shortage' in the last 12 months, or not?' contains not just what we would define as skill shortage vacancies, but also internal skills gaps.
Indeed, one of the key issues considered by Green et al. (1998) is precisely what people mean by 'skill shortages'.
Figure 2 Skill shortages and Hard-to-fill vacancies in Green et al. (1998)
We cannot account for the relationship between the terms using a bivariate probit model, because of the fact that the sample for one equation is exactly the same as one of the outcomes of the other. Therefore, in addition to our probit models, we estimate two types of Heckman selection model. The first has the probability of reporting a vacancy as the first stage regression and the probability of reporting a skill shortage vacancy as the second stage. The second specification has as its first stage the probability of having a hard-to-fill vacancy. The first of these two specifications is our preferred one, as the act of posting a vacancy and a firm's ability to fill it appear to be two qualitatively different things. On the other hand, the difference between a hard-tofill vacancy and a skill shortage vacancy is merely one of classification. Nevertheless,
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we include both specifications for completeness. We describe this model in more detail in 3.2 below.
The variables we include are the employment, employment turbulence rate (the sum of hires and separations divided by employment), net employment growth rate (hires less separations over employment), wages relative to the 4-digit industry, labour productivity, the growth in sales, whether any employees at the firm are covered by a collective employment agreement, the firms geographic market focus, indicators of ODI and FDI, the nature of competition, whether they have invested in expansion, undertaken or funded R&D, whether they provide training, the occupational make-up of their workforce and industry dummies. The variables themselves are set out in more detail in the Data
Appendix to this paper.
Simple estimates of the probability of reporting vacancies
In this section, we present the results of our probit models of reporting vacancies, hardto-fill vacancies and skill shortage vacancies. We present two versions of each of these. In section 3.1.1 we use contemporaneous variables from the BOS and other parts of the LBD. This allows us to keep our sample size as large as possible. In section 3.1.2 we used lagged variables to account for endogeneity issues.
Contemporaneous variables
The results for our estimation of the probability of a firm posting a vacancy are set out in Table 5 . As one would expect, larger firms (in terms of employment) have more vacancies. This scale impact is stronger for general vacancies (column (1)) than it is for those which are hard to fill (column (2)). Firms with a highly turbulent labour force (lots of hires and fires relative to their employment) are more likely to report vacancies, but are no more likely to report hard-to-fill or skill shortage vacancies. There is no evidence that more productive firms are more likely to have vacancies, although this effect is only statistically significant in the case of skill shortage vacancies.
Fast growing firms, in terms of sales, do not appear to report more vacancies generally, but do report more skill shortage vacancies, suggesting that fast growing firms may well be constrained by shortages of key skills. There is a similar sign to the coefficient on for columns (1) and (2), but these are not statistically significant.
Firms that have innovated (introduced a new product, service, process or marketing method) are more likely to post a vacancy and to find vacancies hard-to-fill for a skill-related reason. This may be because the key skills required by highly innovative firms are hard to come by. There is some weak evidence that businesses with an international focus find it harder to fill there vacancies, but mark_int is only significant in model (2). Firms with a collective agreement are no more likely to have vacancies, but do appear to find those vacancies they have harder to fill. This may be related to the industries in which there is greater union coverage, although note that all regressions include industry dummies.
Firms that train are significantly more likely to report all three types of vacancies.
Reasons for this might include the fact that training is potentially an internal response to a skill gap whereas looking for new staff is an external one. In later versions of this paper, we will use a more sophisticated measure of training that accounts for whom it is that is being trained -new staff, existing staff in new roles and existing staff in their existing roles -and what proportion of staff.
It is interesting to note that the proportion of staff in each type only really enter into the two types of hard-to-fill vacancies (columns (2) and (3)) 5 . With firms with a higher proportion of staff in professional and trades occupations having vacancies that are hard to fill, with the results in (3) suggesting that this is because they cannot find people with these skills.
5 Although the proportion of managers does appear to be significant in column (1) at the 10% level.
Lagged variables
For some of the results in Table 5 , it is unclear in which direction causality lies. For example, firms may raise wages or provide training in response to difficulties in finding staff. In this section, therefore, we estimate the three probits in columns (1) to (3) 
Heckman selection models of vacancies
In the previous models we have ignored the relationship between the equations.
However, as Figure 1 clearly shows, firms reporting a skill shortage vacancy (i.e. with a dependent variable that has a value of 1 in column (3)) are a subset of those reporting a hard-to-fill vacancy, who in turn are a subset of those that posted a vacancy of any kind.
Therefore, in this section we consider a model that attempts to separate out the mechanisms that influence them. We estimate a Heckman selection model with a binomial (probit) model in both 'stages' (Heckman, 1979; Van de Ven and Van Pragg, 1981) . We estimate two models the probability of reporting a skill shortage vacancy accounting for sample selection. The second stage model in both is the probability of reporting a skill shortage vacancy. In the first model, we model the first stage (the selection equation) as being the probability of reporting having posted a vacancy. In the second model, we model the selection as being whether a firm reported any hard-to-fill vacancies.
Thus we have a latent equation for skill shortage vacancies (SSVs): We estimate two versions of this model, one where y select is whether a firm had any vacancies and the other where y select is whether a firm had any hard-to-fill vacancies.
Our preferred model is the model where the sample in the second stage is all firms posting any type of vacancy and thus the selection equation is the probability of reporting a vacancy. This is because the mechanism whereby a firm posts a vacancy will be very different from the influences on whether it cannot find skilled staff to fill vacancies. The first will be driven largely by internal factors that determine the quantity of labour it requires (such as the numbers of quits and growth in demand due to firm growth) and the quality of labour (i.e. what types of staff (and skills) it requires because of its business strategy -e.g. whether it is highly innovative). The ability to fill the vacancy will depend much more on the external labour market. Nevertheless, for completeness we include results of considering the selection as operating over having hard-to-fill vacancies and the second stage equation as estimating influences on which firms with hard-to-fill vacancies are experiencing them because of skills. As with the models in section 3.1, we estimate both models using current values of the variables and lagged values.
The results of our Heckman probit estimation are presented in Table 7 and Table 8 .
Looking first at the selection equations (Table 7) , the results are what we would expect from the first two columns of Table 5 and Table 6 . Firms with more employees are more likely to have vacancies and hard hard-to-fill vacancies. Also, firms with more turbulent workforces are also more likely to have vacancies (although this is only significant in our preferred models (columns (4) and (4a)). Firms with increasing wages are also more likely to post vacancies (although this effect is not true for hard-to-fill vacancies) and so on.
Turning to the outcome equations in Table 8 , we see that once we have accounted for their probability of having vacancies, larger firms are no more likely to have skill shortage vacancies. They do not appear to suffer any particular problems viz. a viz.
finding skilled labour than smaller firms over and above that caused by the fact that they do it more frequently. One might say the probability of a skilled vacancy being filled is the same. This is not quite true, but in future work we will investigate this explicitly by weighting the SSV equation by the number of vacancies á la Mason and Stevens (2003) .
Moreover, large firms appear to be less likely to report a hard-to-fill vacancy more generally (although this result is not significant when we use lagged variables). This may suggest that larger firms have an economy of scale advantage in filling a given vacancy (greater visibility in the labour market, a dedicated human resources department etc.) that balances the fact that they demand greater numbers of skilled labour. This is something we shall investigate further in later work.
Firms that pay higher wages relative to their (4-digit) industry are more likely to have hard-to-fill and skill shortage vacancies. This may be because higher wages are a response to hiring difficulties. However it is still true when we used lagged relative wages. Innovation remains significant and positive in the SSV equation (columns (4) and (4a)) as does training. Firms that have ownership in overseas businesses appear to find it easier to find staff. This may be something to do with the appeal of firms that are expanding overseas. One final note to make about our results is that ρ, the coefficient of correlation between the two equations, is statistically significant only in column (4a), the specification with the first stage modelled as reporting any vacancies and using lagged variables. The value of ρ is similar in column (4), but is insignificant. One reason for this not being significant for columns (5) and (5a) is that the model with the hard-to-fill vacancies as the selection equation is badly identified. This accords with our a priori expectation that the separation between the more internal, firm-specific decision of posting a vacancy and the more external, labour-market influenced probability of having a skill shortage vacancy is a better model.
Conclusions
In this paper we have investigated the influences on firms posting vacancies and whether these prove difficult to fill. In particular, we have considered the determinants of external skill gaps or 'skill shortage vacancies'. In particular, we have considered a
Heckman selection model of the determinants of skill shortage vacancies that accounts for the fact that we only observe these external skill shortages for firms that have vacancies. This model allows for there to be a relationship between these two things.
Our preferred specification (using lags to overcome problems of endogeneity) suggests that it is important to account for this correlation. Once we have accounted for this interrelationship, we find that some of the variables that at first glance appear to 'cause' skill shortage vacancies, may not be related to the difficulty of filling vacancies per se, but rather the likelihood of having a vacancy in the first place.
These results, however, are preliminary and there are a number of ways in which we will seek to develop the analysis. We need to think carefully about which variables should enter into the selection and which are direct determinants of skill shortage vacancies. This is true not only from the perspective of economic interpretation, but also from the statistical perspective of identification. Our focus with respect to the skill shortage equation is on labour market variables. Some of these will have a geographic element, such as measures of relative wages from a regional perspective or perhaps other indicators of labour market tightness such as unemployment rates. In Grimes,
Ren and Stevens (2009), we matched single plant firms in the BOS to regions and multi-plant firms to their predominant regions, using the Business Frame and the plant level information on employment held in the LEED dataset (see also Maré, 2008) . In a future version of this paper, we will consider creating a more sophisticated measure that is based on employment weighted local labour market variables sourced from either LEED or possibly even the census (see, for example, Maré, Fabling and Stillman, 2010) .
In a similar way to Grimes, Ren and Stevens (2008) , we can also use the BOS to create aggregate variables (similar to Grimes et al.' s industry knowledge intensity variable) that may improve our estimation. It might even be possible, for example, decompose occupation-level wage rates from total wage bills and numbers of staff by occupation.
Other ways we shall be looking to improve our analysis is in our measurement of training and business strategy. We can break the former down into training for new staff, training for existing staff in new roles and that for existing staff in their existing roles.
We also have limited (categorical) information on the proportion of each type of staff undertaking each type of training. This data is only available for 2008, but results from the companion piece to this (Mason, Mok, Nuns, Stevens and Timmins, 2010 ) might help to inform which variables will be useful to instrument this variable.
The data come from Statistics New Zealand's prototype Longitudinal Business Database (LBD).
The LBD is built around the Longitudinal Business Frame (LBF), to which are attached, among other things, Goods and Services Tax (GST) returns, financial accounts (IR10) and aggregated Pay-As-You-Earn (PAYE) returns, all provided by the Inland Revenue Department (IRD). The full LBD is described in more detail in Fabling, Grimes, Sanderson and Stevens (2008) and Fabling (2009) . The survey data considered in this paper relate to the Business Operations Survey (BOS).
The administrative data we use have four sources: the Linked Employer Employee Database, the Business Activity Indicator (BAI) dataset, and IR10 forms. These are described in more detail in the Data Appendix.
The Business Operations Strategy
The Business Operation Survey (BOS) is an annual three part modular survey, which began in 2005. The first module is focussed on firm characteristics and performance.
The second module alternates between biennial innovation and business use of ICT collections. The third module is a contestable module that enables specific policyrelevant data to be collected on an ad hoc basis 6 . The BOS is conducted using twoway stratified sampling, with stratification on rolling-mean-employment (RME) and twodigit industry according to the ANZSIC system 7 . The survey excludes firms with fewer than six RME and firms in the following industries: M81 Government Administration, 
Market focus (mark_int)
This variable 
Ownership of overseas businesses (odi)
This variable relates to question 25 of Module A. Data item (A2500). The question asked is 'As at the end of the last financial year, did this business hold any ownership interest or shareholding in an overseas located business (including its own branch, subsidiary or sales office)? The variable odi takes the value of 1 if the response is yes, zero otherwise.
Foreign ownership of business (fdi)
This variable relates to question 26 of Module A. Data item (A2600). The question is 'As at the end of the last financial year, did any individual or business located overseas hold an ownership interest or shareholding in this business?' The variable fdi takes the value of 1 if the response is yes, zero otherwise.
Competition (monopoly, oligopoly, compete)
Competition is measured through binary variables monopoly, oligopoly and compete.
These variables relate to question 47 of Module A. Data item (A4600). The respondents were asked 'How would you describe this business's competition?' They were given five potential responses. From these were created four binary variables (with 'many competitors, none dominant the baseline category). These are outlined in Table 9 . 
Research and Development (R&D)
This variable relates to question 23 of Module A. Data item (A2300). The question is:
'For the last financial year, did this business undertake or fund any research and development (R&D) activities?' The respondents are asked to include: 'any activity characterised by originality: it should have investigation as its primary objective, and an outcome of gaining new knowledge, new or improved materials, products, services or process'; or 'the buying abroad of technical knowledge or information'. They were asked to not include: 'market research'; 'efficiency studies'; or 'style changes to existing products'. The variable rnd takes the value of 1 if the response is yes, zero otherwise.
Occupational breakdown of staff (prop_man, prop_prof, prop_tech, prop_trade, prop_cleric) This variable relates to questions 10-13 of Module C. Note that every year in Module A, businesses are asked to provide a breakdown of their staff by four occupations (A3201-A3204). Respondents are asked to copy the totals from Module A into boxes in Module C. They are then asked to provide a further breakdown of two of these ('Managers and professionals' and 'all other occupations'). We calculate the proportion of the workforce in each of the occupations, with 'labourers, production, transport or other workers' as the baseline category. 
Employees
Employment is measured using an average of twelve monthly PAYE employee counts in the year. These monthly employee counts are taken as at 15th of the month. This figure excludes working proprietors and is known as Rolling Mean Employment (RME).
Working proprietors
The working proprietor count is the number of self-employed persons who were paid taxable income during the tax year (at any time). In LEED, a working proprietor is assumed to be a person who (i) operates his or her own economic enterprise or engages independently in a profession or trade, and (ii) receives income from selfemployment from which tax is deducted.
From tax data, there are five ways that people can earn self-employment income from a firm:
• As a sole trader working for themselves (using the IR3 individual income tax form [this is used for individuals who earn income that is not taxed at source]);
• Paid withholding payments either by a firm they own, or as an independent contractor (identified through the IR348 employer monthly schedule);
• Paid a PAYE tax-deducted salary by a firm they own (IR348);
• Paid a partnership income by a partnership they own (IR20 annual partnership tax form [this reports the distribution of income earned by partnerships to their partners] or the IR7 partnership income tax return);
• Paid a shareholder salary by a company they own (IR4S annual company tax return [this reports the distribution of income from companies to shareholders for work performed (known as shareholder-salaries)]).
Note that it is impossible to determine whether the self-employment income involves labour input. For example, shareholder salaries can be paid to owner-shareholders who were not actively involved in running the business. Thus there is no way of telling what labour input was supplied, although the income figures do provide some relevant information (a very small payment is unlikely to reflect a full-year, full-time labour input).
Labour turbulence and growth -accessions and separations
Labour turbulence (Turbulence) is measured as the annualised number of accessions to the firm (A) plus the separations (S) divided by RME. That is: 
Wages
Wages are calculated as 'total employee gross earnings' from the LEED database, divided by RME (i.e. excluding working proprietors). This data comes from the Employers Monthly Schedule (EMS).
Business Activity Indicator (BAI) and Financial Accounts (IR10)
The Business Activity Indicator uses GST data from the Inland Revenue matched to the Statistics NZ Business Frame. The BAI data come from the Goods and Services Tax return form, GST 101. In order to create the BAI dataset, Statistics NZ temporarily apportion the data down to a monthly frequency, apportion returns across GST group members and apply limited imputation in cases where a single return appears to be missing. As noted in Fabling et al. (2008) , the GST-based sales and purchases data is potentially contaminated by capital income and expenditure. In particular this includes sales of second-hand assets and businesses, purchases of land, buildings, plant, machinery and businesses. For more on this subject see section 5.4 of Fabling et al. (2008) .
We calculate the change in stocks from page 1 of the IRD form Accounts information IR10 form. More information on what should appear in the IR10 form can be found in the IRD guide IR10G.
Sales
The sales data in the BAI relate to 'Total sales and income for the period (including GST and any zero-rated supplies).' This is adjusted using data on zero-rated sales as follows where S E = Sales excluding GST, S I = Sales including GST, Z = zero rated sales.
Purchases
The purchases data in the BAI also come from the Goods and services tax return form, GST 101. They relate to 'Total purchases and expenses (including GST) for which tax invoicing requirements have been met' as include an estimate for imported goods and the use of private goods and services in taxable activity.
Change in stocks
The change in stocks data comes from the IR10 financial accounts form. It is calculated as closing stocks less opening stocks.
Labour Productivity
Labour productivity is calculated from the BAI, IR10 and LEED data. Value added is calculated as sales minus purchases from the BAI adjusted for the change in stocks from the IR10. The variable LP is the log of value added less the log of total RME (rolling mean employees plus the count of working proprietors).
